
Academic Editor: Daniele Giansanti

Received: 10 December 2025

Revised: 3 January 2026

Accepted: 6 January 2026

Published: 9 January 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Intention to Use Digital Health Among COPD Patients in
Europe: A Cluster Analysis
Solomon Getachew Alem 1,*,† , Le Nguyen 2,3 , Nadia Hipólito 4 , Maelle Spiller 5 and Esther Metting 6,†

1 Department of Epidemiology and Biostatistics, Addis Continental Institute of Public Health,
Addis Ababa P.O. Box 26751, Ethiopia

2 Department of Neurology, Erasmus Medical Center, 3015 Rotterdam, The Netherlands;
t.t.l.nguyen.1@erasmusmc.nl

3 Department of Public Health, Erasmus Medical Center, 3015 Rotterdam, The Netherlands
4 Center for Innovative Care and Health Technology, 2414-016 Leiria, Portugal; nadia.hiplolito@ipleiria.pt
5 Department of Bioinformatics, University Medical Center Groningen (UMCG),

9700 Groningen, The Netherlands; maelle.spiller@gmx.net
6 Department of Epidemiology, University Medical Center Groningen (UMCG),

9700 Groningen, The Netherlands; e.i.metting@umcg.nl
* Correspondence: solomongetachew@addiscontinental.edu.et; Tel.: +251-913799179
† These authors contributed equally to this work.

Abstract

Background: Chronic obstructive pulmonary disease (COPD) increasingly strains Euro-
pean health systems amid population ageing. Digital health interventions (DHIs) can
reduce hospitalizations and support self-management, yet older patients hesitate to adopt
them. Tailored interventions require understanding patient profiles. This study aimed
to identify clusters by intention to use DHIs. Methods: Between July 2024 and February
2025, 232 COPD patients (mean age 65; 61% female) across seven European countries
completed surveys covering sociodemographic and Unified Theory of Technology Accep-
tance (UTAUT) constructs. Intention to use DHIs was categorized as positive, neutral, or
negative. Weighted UTAUT scores were clustered using Gower distance and Partitioning
Around Medoids. Associations were visualized with multiple correspondence analysis and
heat maps; differences were tested with the chi-square test. Results: Intention to adopt
DHIs varied across countries, with the highest in the Netherlands. Two clusters emerged.
Cluster 1, the ‘balanced hesitant’ group (n = 104), showed mixed intentions (38% positive,
40% neutral, 21% negative). Barriers included low performance expectancy and limited
digital skills (both p < 0.05). Cluster 2, the ‘enthusiastic’ group (n = 128), demonstrated
strong adoption intentions, with 84% positive intention. Enablers included low effort
expectancy and complex disease (p < 0.01). Across both clusters, performance expectancy
predicted intention. Conclusions: Digital health adoption among COPD patients is shaped
by psychosocial and digital skill profiles. Hesitant users benefit from expectation-based
information about DHIs, digital literacy training and peer support. Enthusiasts require
ease of integration. Performance expectancy is a consistent driver of adoption, whereas
country-specific factors should guide strategies.

Keywords: COPD; digital health; self-management; technology acceptance; older adults;
digital health interventions
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1. Introduction
Healthcare systems in Europe are facing growing challenges due to demographic and epi-

demiological transitions, population aging, a rising prevalence of chronic diseases, and more
complex care needs, all of which contribute to higher healthcare costs and workforce pres-
sures [1,2]. Chronic obstructive pulmonary disease (COPD) exemplifies these challenges. As a
progressive respiratory disorder associated with substantial morbidity and mortality, COPD
remains a major public health priority in Europe [3]. In 2019, the median age-standardized
prevalence rate was 3230 per 100,000 among males and 2202 per 100,000 among females,
placing COPD among the leading causes of death and disability and imposing a considerable
burden on health systems [4]. Furthermore, Exacerbation-related hospitalizations contribute
substantially to COPD-related healthcare costs, underscoring the importance of effective and
sustainable management strategies beyond conventional facility-based care [5].

Digital health interventions (DHIs), collectively referred to as digital health, offer promis-
ing solutions to strengthen COPD management. These include tools such as telemedicine,
mobile health applications (mhealth), electronic health records, and remote patient monitoring
systems [6]. Evidence demonstrates that digital health interventions can reduce hospitaliza-
tions, lower healthcare costs, enhance patient satisfaction, and improve clinical outcomes [7–9].
Such benefits are particularly relevant for chronic conditions like COPD, where continuity of
care, early detection of exacerbations, and timely clinical support are critical.

Beyond remote monitoring and telemedicine, both clinical and patient-facing decision
support systems are integral components of digital health. These systems provide tai-
lored recommendations, alert clinicians to potential risks, and support patients in making
informed health decisions, thereby strengthening chronic disease management [10]. In
parallel, healthcare delivery is shifting toward more participatory, patient-centered models
that emphasize patient engagement and self-management [11]. For older adults living with
chronic diseases, digital health tools can support self-management by improving access to
health information, facilitating communication with healthcare providers, and enabling
remote monitoring and timely interventions [12]. By extending care beyond traditional
provider–patient interactions, digital health empowers individuals to better understand
their conditions, adhere to treatment plans, and make informed lifestyle choices, with the
potential to reduce pressure on healthcare systems [13].

Europe represents a particularly favorable context for the adoption and scaling of
DHIs. High internet penetration, widespread mobile connectivity, and robust digital in-
frastructure, and supportive policy initiatives at the European Union level facilitate the
integration of digital technologies into healthcare systems [14,15]. Population-based studies
further demonstrate high levels of digital literacy and readiness to use digital health tools
among European populations, supporting the feasibility of large-scale DHI implementation
in chronic disease management [16–18]. However, despite these advantages, significant
disparities in healthcare access and outcomes persist across and within European coun-
tries, driven by socioeconomic inequalities, geographic variation, and systemic barriers to
care [19,20]. Addressing these inequities remains a key public health goal for the region,
underscoring the need for digital health strategies that explicitly promote equitable access
and outcomes [21]. In parallel, European regulatory frameworks and cross-border digital
health initiatives support interoperability and integration across health systems [22]. By
contrast, regions with lower connectivity and limited resources often face barriers to imple-
mentation, including affordability constraints, infrastructure gaps, and lower acceptance of
digital technologies [23–26]. Taken together, these contextual factors position Europe as a
suitable setting for evaluating scalable digital health solutions for COPD management.

Despite these advantages, the adoption of digital health among older adults with chronic
respiratory conditions remains limited. Advanced age, lower socioeconomic status, reduced
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educational attainment, cognitive decline, and limited digital access have all been associated
with lower engagement [27,28]. These barriers reflect underlying inequalities in access and
engagement with digital technologies, which may exacerbate existing disparities in health
outcomes if not addressed proactively [29]. Low digital health literacy further constrains
individuals’ ability to benefit from DHIs, raising concerns about equity and inclusivity in
digital health programs [30]. Understanding the determinants of digital health acceptance is
therefore essential. The Unified Theory of Acceptance and Use of Technology (UTAUT) frame-
work provides a comprehensive approach to examining behavioral intention, emphasizing
performance expectancy, effort expectancy, social influence, and facilitating conditions [31,32].
Although not originally developed for healthcare settings, UTAUT has been widely applied
in health research and has demonstrated utility in predicting intention to use digital tech-
nologies. The framework focuses on the individual user while accounting for demographic
characteristics, social influence, and attitude toward technology.

In addition to individual-level factors, recent studies highlight the value of data-driven
clustering approaches for capturing heterogeneity in digital health acceptance. By group-
ing individuals based on shared characteristics such as digital literacy, prior technology
experience, and psychosocial factors, clustering enables the identification of meaningful
subgroups with distinct adoption patterns [33–35]. Such subgrouping helps reveal sys-
tematic differences in behaviors, attitudes, and contextual factors, thereby supporting the
design of targeted, user-centered interventions. Understanding heterogeneity in technology
adoption further supports the development of equitable and sustainable digital health
solutions that address the diverse needs of patient populations [36].

Beyond traditional individual-level predictors, utilization-based cluster analysis has
been used to identify subgroups of patients with similar health behaviors, technology use
patterns, and psychosocial characteristics. In digital health, this method highlights variations
in adoption, engagement, and readiness to use digital tools by systematically grouping
individuals based on these factors [37,38]. This approach enables the identification of patient
subgroups for tailored interventions. Previous studies have applied clustering to characterize
multi-morbidity, assess digital literacy, and identify barriers to digital health engagement in
older adults [39,40]. Using cluster analysis, one such study revealed distinct patient subgroups
with heterogeneous digital health literacy profiles, including variations in digital competencies
and access to digital services, highlighting the utility of clustering to inform targeted digital
health approaches [40]. These studies underscore its value as an exploratory method to
uncover latent patterns that inform context-specific digital health strategies.

This study aims to examine COPD patients’ intention to use digital health interventions
using an integrated inferential and cluster-based approach. Specifically, we identify data-
driven subgroups based on UTAUT constructs and associated engagement factors and
conduct comparative analyses to explore differences in technology acceptance across seven
European countries.

2. Methods
2.1. Study Design, Setting, and Population

This cross-sectional study was conducted across seven European countries. The study
is conducted in collaboration with respiratory disease patient organizations in the partici-
pating countries. Participant recruitment occurred from July 2024 to February 2025, with
patients invited through these organizations to complete a survey, which took approxi-
mately 15 min. Eligible participants were adults diagnosed with chronic lung diseases,
specifically chronic obstructive pulmonary disease (COPD), who were willing to participate
and proficient in reading and writing in one of the following languages: Dutch, German,
Spanish, Portuguese, Romanian, or English. The questionnaire was distributed through
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various patient organizations and healthcare centers. In the Netherlands, Belgium, the
UK, and Germany, patients could choose to complete the questionnaire either on paper
or online. Participants were asked whether they preferred to receive a link to the online
version or a paper copy. Paper questionnaires could be returned in a prepaid envelope at
no additional cost. In Spain, Portugal, and Romania, paper distribution was not feasible, so
all questionnaires were completed online. The study received ethical approval from the
Medical Ethics Committee of the University Medical Center Groningen, Netherlands.

2.2. Study Tools

The survey was developed for patients with COPD, typically for a population with
lower socioeconomic status. The aim was to make the questionnaire easy to read for COPD
patients. The survey consisted of 42 items and contained three parts: (1) demographic
questions and questions about digital literacy; (2) items originally developed in a previous
study, informed by eight previous focus group discussions conducted in the Netherlands,
Belgium, the UK, and Germany, were used to guide the development of the current
survey [41], particularly for questions grounded in the UTAUT framework. This section was
adapted from a previously validated UTAUT-based instrument, incorporating measures of
intention and other core UTAUT constructs; and (3) perceptions and skills: A pragmatic
approach was employed to simplify the survey language, enhancing accessibility for
participants with limited literacy. This approach, particularly suited for investigating
digital health adoption among patients with COPD, was developed in collaboration with a
patient panel from the Groningen Research Institute for Asthma and COPD (GRIAC) group
at the University Medical Center Groningen.

2.3. Outcome Measurement

Digital health acceptance was defined as the intention to use digital health and was
assessed with the item “Are you motivated to use digital health?” Responses were recorded
on a 5-point Likert scale ranging from 1 (totally disagree) to 5 (totally agree). For analysis,
responses are categorized into negative (totally disagree and disagree), neutral, and positive
(totally agree and agree).

2.4. Predictors

Predictors of digital health acceptance were grouped into four conceptual blocks. The
first block, UTAUT constructs, included performance expectancy (2 items), effort expectancy
(2 items), and social influence (1 item), all rated on a 3-point Likert scale (1 = disagree to
3 = agree). The second block, perceptions, encompassed attitudes toward the behavior
(5 items), self-efficacy (1 item), perceived convenience/timely care (3 items), and perceived
data accessibility (2 items), derived from focus group findings and rated on the same
3-point scale. The third block assessed skills, including digital literacy measured using
Eurostat’s ICT usage questionnaire (categorized as “Basic” or “Below basic”) and prior
experience with at least one digital health tool in the past 12 months (yes/no). The fourth
block covered sociodemographic characteristics, living situation, and self-reported physical
limitations, most of which were dichotomized for analysis.

2.5. Data Analysis for Cluster Development

The dataset was drawn from a multi-country survey conducted between July 2024 and
February 2025 among individuals with COPD across seven European countries, initially
including 454 patients. The largest group of respondents were from the Netherlands
(n = 274, 60.4%), followed by Flanders (n = 47, 10.4%), the UK (n = 41, 9.1%), Romania
(n = 41, 7.7%), Germany (n = 30, 6.6%), and others (n = 26, 5.7%). To mitigate this imbalance,
a random 25% subsample of Dutch participants was selected, reducing their share to
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25.8% [42]. After excluding 12 participants (4.9%) with missing data, the final dataset
included 232 participants. Categorical variables were recoded into meaningful levels,
numerical variables were standardized, and outliers were retained to preserve data integrity.
Analyses were conducted using R version 4.5.1.

2.6. Inferential Analysis

Descriptive statistics summarized participant sociodemographic characteristics and
key predictors based on the UTAUT framework. Categorical variables were recoded into
meaningful levels, and numerical variables were standardized. Cross-country differences
and relationships between intention and participant characteristics were examined. As-
sociations between categorical variables and intention to use digital health were assessed
using chi-square and Fisher’s exact tests as recommended, with p-values < 0.05 considered
statistically significant.

2.7. Cluster Analysis

Cluster analysis was performed using Gower’s dissimilarity metric, which accommo-
dates both categorical and numerical variables. To prioritize digital health-related factors,
the digital health variable was assigned a higher weight, resulting in an average Gower dis-
tance of 0.53, indicating moderate dissimilarity among observations. Silhouette analysis for
k = 2–10 identified two clusters as optimal, with the highest average silhouette width of 0.12
(Figure 1). Based on this, the Partitioning Around Medoids (PAM) algorithm, chosen for its
robustness in handling noisy categorical data and interpretability of medoids, identified
two clusters comprising 104 and 128 participants. To assess the robustness of the clustering
solution, sensitivity analyses were conducted. First, the clustering was repeated, excluding
intention to determine whether its inclusion influenced cluster formation, and the cluster
solution remained broadly consistent, indicating that structure was not solely driven by
intention. Second, the clustering was re-run without variable weighting in the Gower
distance, yielding a similar distance structure (average pairwise Gower distance = 0.54),
suggesting that the cluster solution was not driven by the weighting scheme. Multiple cor-
respondence analysis (MCA) was also employed to visualize patterns in sociodemographic
factors and key UTAUT predictors.

Figure 1. Silhouette analysis for optimal cluster estimation (optimal number of clusters selected as 2).
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2.8. Sample Size Determination

Sample size was determined based on feasibility, prior eHealth adoption studies for
exploratory cluster analysis [43]. With 12 clustering variables, a minimum of 120–240 par-
ticipants were targeted (10–20 cases per variable) to support cluster recovery. The final
sample (n = 232; two subsamples of n = 104 and n = 128) exceeded this threshold. Clus-
ter solutions were evaluated for stability using bootstrapping (adjusted Rand index) and
internal validity (silhouette width, Calinski–Harabasz index). Post hoc comparisons of
eHealth intention between emergent clusters revealed a large difference (Cohen’s h = 0.99,
p < 0.001), consistent with distinct behavioral profiles.

2.9. Multiple Correspondence Analysis

To explore associations between variables and the identified clusters, Multiple Corre-
spondence Analysis (MCA) was conducted [44]. The dataset, comprising only categorical
variables recoded from sociodemographic, health, and digital health perception measures,
was cleaned, recoded, and formatted into appropriate categories to ensure compatibility
with MCA. The cluster variable was treated as a supplementary variable to avoid influenc-
ing the construction of the MCA dimensions, ensuring an unbiased representation of the
underlying data structure. The analysis retained the first two dimensions, which together
accounted for 16.5% of the total variance (Dimension 1: 9.3%; Dimension 2: 7.2%). The
stability of the MCA solution was validated using a permutation test (p < 0.05).

The MCA biplot (Figure 2) illustrates the relationships between variables and the
two clusters (Cluster 1 and Cluster 2) derived from the earlier cluster analysis. Cluster 1,
depicted by blue points, and Cluster 2, shown by red points, exhibit overlapping distribu-
tions, suggesting some shared characteristics. The supplementary cluster variable reveals
how demographic and health variables align with these clusters, with the central overlap
indicating common traits, while the outer regions reflect distinct differences, such as higher
digital health perception scores predominantly associated with Cluster 2.

Figure 2. Multiple correspondence analysis biplot for Clusters 1 and 2, showing variance explained
by Dimension 1 (9.3%) and Dimension 2 (7.2%). Each point represents an individual observation. Blue
circles indicate individuals classified in Cluster 1, while red triangles indicate individuals classified
in Cluster 2.
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2.10. Outcome Measurements and Analysis

The primary outcome, intention to use digital health, was categorized into negative,
neutral, and positive levels and evaluated across the two clusters. Additional covariates,
including sociodemographic and UTAUT predictors, were also analyzed. Chi-square tests
and Fisher’s exact tests, as recommended, were performed to assess associations and
differences between clusters across covariates, providing insights into the distribution and
significance of these relationships.

3. Results
3.1. Sociodemographic Character
Cluster Differences in Sociodemographic and UTAUT Predictors

A comparison of participant characteristics between Cluster 1 (n = 104) and Cluster 2
(n = 128) showed statistically significant differences across several variables (Table 1). A
higher proportion of participants in Cluster 2 had a high level of education (60.9%; 78/128)
compared to Cluster 1 (21.2%; 22/104), and this difference was statistically significant
(p < 0.001). Regarding computer use, 57.8% (74/128) of Cluster 2 participants reported no
computer use, versus 26.0% (27/104) in Cluster 1 (p < 0.001).

Table 1. Comparison of sociodemographic and UTAUT predictors by cluster membership (n = 232).

Variable Categories Cluster 1 (n = 104) Cluster 2 (n = 128) Total p-Value

Sex
Male 43 (41.4%) 47 (36.7%) 90 (38.79%)

0.472Female 61 (58.7%) 81 (63.3%) 142 (61.21%)

Age Group

29–55 12 (11.5%) 28 (21.9%) 40 (17.24%)

0.082
55–64 22 (21.2%) 34 (26.6%) 56 (24.14%)
65–79 60 (57.7%) 57 (44.5%) 117 (50.43%)
80+ 10 (9.6%) 9 (7.0%) 19 (8.19%)

Work Status

Employed 23 (22.1%) 32 (25.0%) 55 (23.71%)

0.854
Unemployed 1 (1.0%) 3 (2.3%) 4 (1.72%)

Medically unfit 16 (15.4%) 18 (14.1%) 34 (14.66%)
Retired 59 (56.7%) 71 (55.5%) 130 (56.03%)
Other 5 (4.8%) 4 (3.1%) 9 (3.88%)

Education
Low 68 (65.4%) 34 (26.6%) 102 (43.97%)

<0.001 ***Middle 14 (13.5%) 16 (12.5%) 30 (12.93%)
High 22 (21.2%) 78 (60.9%) 100 (43.10%)

Computer Use at
Work

None 27 (26.0%) 74 (57.8%) 101 (43.53%)
<0.001 ***Occasional 33 (31.7%) 37 (28.9%) 70 (30.17%)

Frequent 44 (42.3%) 17 (13.3%) 61 (26.29%)

Living Situation Lives alone 27 (26.0%) 47 (36.7%) 74 (31.90%)
0.08Doesn’t live alone 77 (74.0%) 81 (63.3%) 158 (68.10%)

Country

Netherlands 26 (25.0%) 34 (26.6%) 25 (10.78%)

0.315

Flanders 21 (20.2%) 25 (19.5%) 46 (19.83%)
Germany 16 (15.4%) 12 (9.4%) 28 (12.07%)
Romania 14 (13.5%) 21 (16.4%) 60 (25.86%)

UK 20 (19.2%) 18 (14.1%) 35 (15.09%)
Other 7 (6.7%) 18 (14.1%) 38 (16.38%)

Health Conditions

COPD 68 (65.4%) 74 (57.8%) 142 (61.21%)

0.748
Asthma 9 (8.7%) 11 (8.6%) 20 (8.62%)

Asthma/COPD overlap 16 (15.4%) 28 (21.9%) 44 (18.97%)
Cystic Fibrosis 1 (1.0%) 1 (0.8%) 2 (0.86%)

Other 10 (9.6%) 14 (10.9%) 24 (10.34%)

Physical Problems Yes 69 (66.4%) 97 (75.8%) 166 (71.55%)
0.113No 35 (33.7%) 31 (24.2%) 66 (28.45%)
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Table 1. Cont.

Variable Categories Cluster 1 (n = 104) Cluster 2 (n = 128) Total p-Value

Digital health
Experience

Negative 8 (7.7%) 10 (7.8%) 18 (7.76%)
<0.001 ***Neutral 78 (75.0%) 42 (32.8%) 120 (51.72%)

Positive 18 (17.3%) 76 (59.4%) 94 (40.51%)

Social Influence
Negative 16 (15.4%) 44 (34.4%) 120 (51.72%)

<0.001 ***Neutral 65 (62.5%) 35 (27.3%) 94 (40.52%)
Positive 23 (22.1%) 49 (38.3%) 60 (25.86%)

Effort Expectancy
Negative 30 (28.9%) 17 (13.3%) 100 (43.10%)

<0.001 ***Neutral 58 (55.8%) 19 (14.8%) 72 (31.03%)
Positive 16 (15.4%) 92 (71.9%) 36 (15.52%)

Performance
Expectancy

Negative 28 (26.9%) 50 (39.1%) 49 (21.12%)
0.041 *Neutral 68 (65.4%) 75 (58.6%) 147 (63.36%)

Positive 8 (7.7%) 3 (2.3%) 47 (20.26%)

Digital Literacy Basic or above 86 (82.7%) 121 (94.5%) 207 (89.22%)
0.004 **No basic literacy 18 (17.3%) 7 (5.5%) 25 (10.77%)

Voluntariness
Negative 56 (53.9%) 29 (22.7%) 85 (36.63%)

<0.001 ***Neutral 10 (9.6%) 15 (11.7%) 25 (10.77%)
Positive 38 (36.5%) 84 (65.6%) 122 (52.58%)

p-values are denoted as follows: *** p < 0.001, ** p < 0.01, * p < 0.05.

Previous experience with digital health was reported by 59.4% (76/128) of Cluster 2, in
contrast to 17.3% (18/104) in Cluster 1 (p < 0.001). Similarly, 38.3% (49/128) of participants
in Cluster 2 reported positive social influence, compared to 22.1% (23/104) in Cluster 1
(p < 0.001). Lower effort expectancy was reported by 71.9% (92/128) in Cluster 2 and 15.4%
(16/104) in Cluster 1 (p < 0.001). For performance expectancy, 39.1% (50/128) of Cluster 2
participants reported negative expectations, compared to 26.9% (28/104) in Cluster 1, and
this difference was statistically significant (p = 0.041).

Digital literacy was higher in Cluster 2, with 94.5% (121/128) having basic or above
literacy, compared to 82.7% (86/104) in Cluster 1 (p = 0.004). A greater proportion of
participants in Cluster 2 also reported positive voluntariness (65.6%; 84/128) versus Cluster
1 (36.5%; 38/104) (p < 0.001). Variables such as sex, work status, country, and health
conditions did not show statistically significant differences between clusters.

3.2. Cross-Country Differences in Intention to Use Digital Health: Consideration of UTAUT
Constructs and Sociodemographic Factors

Cross-country differences were observed in intention to use digital health, with the
highest positive intention in the Netherlands (Table 2). The differences across countries
were statistically significant (p = 0.007).

Table 2. Cross-country differences in intention to use digital health (p = 0.007).

Countries Negative (%) Neutral (%) Positive (%) Total (%)

Netherlands 10 (27.78) 16 (32.65) 34 (23.13) 60 (25.86)
Flanders 3 (8.33) 10 (20.41) 33 (22.45) 46 (19.83)
Romania 3 (8.33) 5 (10.20) 27 (18.37) 35 (15.09)
Germany 3 (8.33) 8 (16.33) 17 (11.56) 28 (12.07)

UK 13 (36.11) 9 (18.37) 16 (10.88) 38 (16.38)
Others 4 (11.11) 1 (2.04) 20 (13.61) 25 (10.78)

Significant differences in factors associated with intention to use digital health varied
across countries. In Flanders, sex was significantly associated with intention to use digital
health, with males showing higher acceptance than females (p = 0.003). Age was also
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influential in Flanders (p = 0.010), indicating that acceptance differed across age groups
(Figure 3).

Figure 3. Cross-country differences in intention to use digital health based on UTAUT constructs.

In Germany, older age groups showed significantly different patterns of acceptance rel-
ative to younger individuals (p = 0.022). The Netherlands demonstrated several significant
associations. Social influence showed a significant relationship with intention to use digital
health (p = 0.006), indicating that encouragement from others plays a role in technology
uptake. Disease status was also significant (p = 0.005), as well as performance expectancy
(p = 0.002), suggesting that perceived usefulness is an important driver of acceptance in
this setting.

Romania showed the highest number of significant associations. Age (p < 0.001), work
status (p < 0.001), and disease status (p < 0.001) were all strongly linked to intention to use
digital health. Social influence (p = 0.003) and performance expectancy (p = 0.024) were
also significant, further reinforcing the importance of perceived usefulness and interper-
sonal motivation.

In the United Kingdom, participants with experience using digital technologies were
more likely to have higher acceptance of digital health (p < 0.001). Physical problems
(p = 0.009), age (p < 0.001), disease status (p = 0.025), digital literacy (p = 0.001), voluntariness
(p = 0.017), and performance expectancy (p = 0.011) were also significantly associated,
indicating a broader set of determinants compared to other countries.

Among participants from countries categorized as “Others,” which includes Spain,
Portugal, and Belgium, computer use (p = 0.011) and performance expectancy (p = 0.002)
showed significant links with intention to use digital health, demonstrating that capabil-
ity and perceived usefulness remain core drivers in settings outside the primary study
countries. Overall, performance expectancy and disease status emerged as the most consis-
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tently significant factors across countries, while age category and social influence showed
important, but more location-specific effects.

3.3. User Intention to Use Digital Health Across Clusters

Cluster 2 had a significantly higher proportion of positive intentions (107, 83.59%)
compared to Cluster 1 (40, 38.46%), while Cluster 1 had more neutral (42, 40.38%) and neg-
ative (22, 21.15%) responses. The Pearson chi-square test confirmed this strong association
(p < 0.001), indicating distinct sentiment patterns between clusters.

3.4. Cluster Profiles of Digital Health Intention and UTAUT Predictors

Associations between intention to use digital health (Negative: n = 36, 15.52%; Neu-
tral: n = 49, 21.12%; Positive: n = 147, 63.36%) and UTAUT predictors were examined
within each cluster using chi-square tests (p < 0.05). Cluster 1 (n = 104) showed a balanced
intention distribution: 22 participants (21.15%) reported Negative, 42 (40.38%) Neutral,
and 40 (38.46%) Positive intentions. Cluster 2 (n = 128) was dominated by Positive inten-
tion (n = 107, 83.59%), with smaller Negative (n = 14, 10.94%) and Neutral (n = 7, 5.47%)
subgroups (Supplementary Table S1).

3.4.1. Balanced-Hesitant Subgroup

In Cluster 1, intention to use digital health was significantly associated with perceived
social influence (p < 0.001), performance expectancy (p < 0.001), and digital literacy (p = 0.016).
Participants with Negative intentions were most likely to report low social influence (40.91%
Negative, 45.45% Neutral, and 13.64% Positive) and lower performance expectancy (72.73%
Neutral, 27.27% Positive). In contrast, those with Positive intentions were more likely to per-
ceive stronger social influence (40% Positive) and demonstrate better digital literacy (92.50%
with basic or above literacy). Neutral-intention participants tended to fall between these
groups, suggesting that moderate perceptions of social influence and digital skills may corre-
spond to uncertain digital health engagement (Supplementary Table S1).

3.4.2. Positive Intention Subgroup

In Cluster 2, intention to use digital health showed significant associations with disease
type (p = 0.005), prior digital health experience (p = 0.004), perceived social influence (p < 0.001),
effort expectancy (p < 0.001), and performance expectancy (p < 0.001). Participants with
Positive intentions were most often those with asthma–COPD overlap (22.43%) or COPD
(57.00%), prior digital health experience (63.16% Positive), and higher perceptions of social
influence (43.93% Positive). They also demonstrated stronger beliefs in ease of use (78.57%
Positive effort expectancy) and usefulness (53.27% Neutral, 0.93% Positive performance
expectancy). Conversely, Negative intentions were more common among individuals with
COPD only (57.14%), limited digital health experience (29.41% Negative experience), and
low effort expectancy (64.00% Negative). Demographic variables, including sex and age
category, did not significantly influence intention in either cluster, emphasizing the dominance
of behavioral and perceptual factors (Supplementary Table S1).

4. Discussion
This multi-country study examined intention to use digital health interventions among

patients with COPD across seven European countries using an integrated inferential and
cluster-based analytical approach grounded in the UTAUT framework. Two distinct patient
groups emerged, reflecting contrasting psychosocial and behavioral patterns related to
digital health adoption. Cluster 1 demonstrated a balanced but hesitant stance toward adop-
tion, whereas Cluster 2 showed strong enthusiasm and readiness to engage. Importantly,
demographic factors such as age and country of residence did not significantly predict
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cluster membership, indicating that acceptance among older adults with chronic conditions
is shaped by factors beyond traditional population characteristics. This finding is consistent
with prior research highlighting the limited explanatory power of demographics alone [45]
and underscores the importance of developing context-specific strategies to enhance digital
health uptake rather than relying on demographic-based assumptions.

Cluster 1 demonstrated mixed intentions toward digital health, with hesitation linked
to limited digital literacy, lower education, and weak social influence. Prior studies show
that when social influence is strong, particularly from family or healthcare providers,
facilitates digital health uptake among older adults [46–49] and enhances mhealth engage-
ment [50,51]. In this study, weak social influence contributed to reluctance in Cluster 1,
suggesting that strengthening peer and professional support mechanisms may help offset
adoption barriers. Interventions targeting modifiable factors such as digital literacy training
and structured peer support have been shown to improve uptake and engagement and
may be particularly effective for this group. This profile is illustrated in Supplementary
Figure S1 as the “hesitant user”.

In contrast, Cluster 2 reflected a digitally confident and resilient group, consistent
with evidence that higher education, prior technology use, and employment facilitate
digital health adoption [52]. Participants who were employed or living with others also
showed greater readiness to adopt digital tools, suggesting that social connectedness
and continued occupational engagement promote comfort with technology. Conversely,
the small subgroup with negative intentions tended to include retirees, individuals with
lower education, and those from contexts where technology use is less embedded in daily
life, potentially reflecting perceived irrelevance or lower confidence in digital solutions.
Key facilitators of digital health adoption in this cluster included prior experience with
digital health, higher performance and effort expectancy, strong social influence, and
the presence of more complex disease conditions such as asthma-COPD overlap. These
findings align with previous studies showing that greater illness burden can motivate
individuals to adopt technologies that support disease self-management [53–55]. Similarly,
familiarity with technology and perceptions of ease of use reinforce sustained adoption,
consistent with evidence that experience and usability are critical for long-term engagement
among older adults [56,57]. This profile is illustrated in Supplementary Figure S1 as the
“enthusiastic adopter.”

Differences in digital health intention across countries appear linked to variations in
UTAUT constructs, particularly performance expectancy, effort expectancy, social influence,
and digital literacy, rather than to demographic characteristics [58,59]. As shown in Figure 3,
significant contrasts were observed mainly for user performance, intention, effort, and
social influence, suggesting that national contexts shape these psychosocial determinants
more than demographic factors. This pattern aligns with prior evidence indicating that
cross-country disparities in technology adoption are driven less by infrastructure and more
by contextual differences in perceived usefulness, ease of use, and social endorsement [60].

4.1. Implications of the Study

While the UTAUT framework is widely used in digital health research, this study
extends its application to a multi-country European COPD population. Our findings
confirm the relevance of core UTAUT predictors, including performance expectancy, effort
expectancy, social influence, and voluntariness. In addition, cluster-based analyses show
that psychosocial and behavioral factors, rather than demographic characteristics, primarily
differentiate adoption profiles, with digital literacy, education, and computer use emerging
as relevant contextual determinants of digital health adoption.
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Taken together, these findings indicate that digital health adoption among patients
with COPD and related respiratory conditions depends more on psychosocial and skill-
related factors than on demographics alone. For clinical practice, this highlights the
importance of understanding patients’ individual needs for information, support, and
confidence-building when implementing digital health interventions. Assessing digital
literacy, prior experience, and perceived usefulness may help clinicians tailor recommenda-
tions and improve patient engagement.

From a digital health design perspective, the identification of distinct user profiles has
important implications for tailoring interventions. For individuals in Cluster 1, our findings
indicate that expectations and social influence are the most salient modifiable predictors
of digital health acceptance. While certain determinants, such as prior experience and
educational level, are less amenable to change, several key factors can be addressed through
targeted design and implementation strategies. In particular, effort expectancy may be
enhanced by providing adequate guidance and ongoing practical support, while perfor-
mance expectancy can be strengthened by clearly communicating what the technology can
and cannot do. In addition, leveraging social influence, for example, by actively involving
partners, family members, or other significant others in the adoption process, appears to
be a promising approach. Finally, maintaining voluntariness of use, such as by ensuring
the availability of non-digital or parallel care options, may help reduce resistance and
support sustained engagement with digital health technologies. In contrast, individuals
in Cluster 2, who demonstrate higher motivation, experience, and digital readiness, may
benefit more from advanced and personalized digital health features that build on their
existing capabilities and positive expectations.

Additionally, these findings highlight the potential of digital health interventions to
reduce disparities by improving access to information, supporting self-management, and
ensuring continuity of care [61]. Addressing these equity-related factors is critical to ensure
that digital health adoption benefits all patient groups, particularly those facing barriers
related to digital literacy, socioeconomic status, or limited access to technology. At the
policy level, these results suggest that efforts to scale digital health for chronic disease
management should emphasize capacity building, user-centered design, and supportive
implementation environments rather than focusing solely on access or infrastructure.

4.2. Future Directions

Future research should build on these findings by developing and evaluating interven-
tions that target modifiable psychosocial and skill-related factors to help patients overcome
barriers to digital health use, improve participation, and maximize impact. Recognizing
different patient groups can inform tailored, targeted strategies, such as digital literacy sup-
port for hesitant users and usability-focused programs for motivated users. Longitudinal
studies are also needed to assess whether intention translates into sustained engagement,
and country-specific or context-sensitive analyses could clarify how cultural, organiza-
tional, and health system factors shape adoption, supporting locally adapted and scalable
implementation strategies.

4.3. Limitations of the Study

This study has several limitations. First, its cross-sectional design precludes causal
inference between predictors and intention. Second, although the survey was available
in multiple languages, cultural nuances in technology perception across countries may
not have been fully captured, which could have influenced the observed cross-country
variation in adoption patterns. Third, the use of single- or two-item measures for constructs
such as self-efficacy, social influence, and performance expectancy may limit sensitivity
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at the subscale level, though the overall intention-to-use scale remains valid for assessing
general technology acceptance. Finally, although the silhouette width indicated weak
separation, the two-cluster solution captured meaningful behavioral distinctions. Despite
modest cohesion, the clusters provide useful insights for exploratory interpretation and
can inform the design of targeted digital health interventions. Therefore, these cluster
patterns should be considered exploratory and interpreted with caution when guiding
intervention strategies.

5. Conclusions
Digital health adoption in COPD and related chronic respiratory conditions depends

primarily on psychosocial factors and digital skills rather than demographics alone. Key
modifiable drivers such as digital literacy, effort expectancy, and performance expectancy,
and social support offer clear targets for interventions to boost confidence and engagement
among hesitant patients. While adoption patterns were largely consistent across countries,
cross-national differences highlight the influence of local culture and healthcare systems,
necessitating culturally tailored strategies. Cluster-based approaches can thus enhance
equity, participation, and program impact for older adults throughout European settings.
Although demographic characteristics are less amenable to change, several key factors can
be addressed through targeted design and implementation strategies. In particular, effort
expectancy may be enhanced by providing adequate guidance, tailored information, and
ongoing practical support, while performance expectancy can be strengthened by clearly
communicating what the technology can and cannot do. Future studies should incorporate
more diverse groups and larger samples to strengthen generalizability and capture broader
variation in adoption patterns.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/healthcare14020178/s1, Figure S1. Profile of User Clusters Based
on Digital Health Intention and Characteristics. Table S1. Intention Across Clusters with Different
UTAUT Predictors.
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